F requent hitters (or promiscuous hits) are compounds that are detected as a "hit" in several (unrelated) high-throughput screening (hts) assays. reasons for such promiscuous behavior are many and include noncompetitive binding behavior (reactive compounds), nonspecific binding across target families (e.g., compounds with low complexity) or within a target family (like kinases), interference with the assay method (e.g., fluorescent compounds, compounds forming micelles, cytotoxic compounds, luciferase inhibitors, compounds with poor physicochemical properties), or impurities. [1] [2] [3] [4] there is no generally agreed-upon definition of the term frequent hitter; instead, the term is most often customized to reflect the particular objective of an investigation. thus, several approaches have been described in the literature to mine hts data, identify frequent hitters, and predict such behavior. [4] [5] [6] scientists at roche analyzed frequent hitters and created a neural network model predicting frequent hitters in large databases. 4 Bristol-myers squibb scientists analyzed frequent hitters to define the impact of a list of unwanted (reactive) functional groups on frequent hitter behavior. 5 shoichet's laboratory published several articles describing how to identify compounds forming micelles. 6 at Boehringer ingelheim (Bi), more than 250 large-scale hts assays (N = 100 000-1 000 000 compounds tested once at a single concentration) have been performed. the readouts of these assays are generally defined as "percent of control (poc) values" (% inhibition = 100 -poc) and are accessible from a corporate data repository. the present study describes how this wealth of information can be used to (1) identify "frequent hitters," (2) gain further insight into the reason behind their promiscuous behavior, and (3) generate models for predicting promiscuous compound behavior. Figure 1A shows a representative histogram of the poc values resulting from testing the Bi corporate library in a given hts assay (poc values above 120 are not shown). hits (i.e., molecules considered to have an effect in the assay) are compounds with poc values that are distinct from the poc values obtained for the majority of the library. a statistical threshold to identify such entries consists of defining a compound as a hit when its poc value is more than three standard deviations away from the mean of the tested library. however, this useful but simplistic definition has two limitations:
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1. it assumes that the resulting poc values in any hts assay obey a Gaussian distribution. Based on in-house experience, this is a valid assumption that holds for the majority of the tested 1 evotec aG, hamburg, Germany. received Jun 30, 2010, and in revised form mar 21, 2011. accepted for publication mar 25, 2011. library in an hts assay (the majority of the library provides poc values around 100%). however, some compounds (e.g., hits) present with extreme poc values. these can have a strong influence on the mean and standard deviation and may result in misleading estimates of these values. to circumvent this bias, a robust estimate of the mean and standard deviation is necessary. in this study, a statistical approach is proposed that calculates the mean and standard deviation in three consecutive rounds. in the first round, the mean µ 1 and standard deviation σ 1 are calculated; all compounds whose POC values are more than 3•σ 1 units away from µ 1 are discarded ( Fig. 1A) . the reduced data set is then used to recalculate mean µ 2 and standard deviation σ 2 . once more, all compounds whose poc values are more than 3•σ 2 units away from µ 2 are discarded ( Fig. 1B) . the resulting smaller data set is then used in a third round to recalculate the mean µ 3 and standard deviation σ 3 that become the final mean and standard deviation values ( Fig. 1c) . the validity of this simple and intuitive approach is compared to other robust estimators-namely, median and median absolute deviation 7 (mad; see supplementary material for details). this comparison was performed on a subset of 50 hts assays (e.g., ~20% of the total hts set and covering the different assay categories described in table 1 with at least two examples each). plots of µ 3 versus median and σ 3 versus mad showed correlation coefficients R 2 of 0.97 and 0.91, respectively (Supplemental Fig. S1 ). moreover, quantile-quantile plots were generated to compare the distribution of the poc values of those 50 hts assays to a theoretical normal distribution. With only one exception, correlation coefficients >0.95 were observed. the plots show that Gaussian distributed data sets are typically present, with no extreme outliers when focusing on the truncated data sets obtained with µ 3 and σ 3 (Supplemental Fig. S2 ). overall, this comparison shows solid evidence that µ 3 and σ 3 are a sound approach for removing the bias of extreme outliers on the calculated mean and standard deviation and thus are a capable alternative for separating "hits" from "nonhits." 2. the hit definition does not discriminate between compounds whose POC value is more than 3•σ units away from µ on the left or right side of the bell curve. in general, the hts assays in the corporate data repository are set up such that hits are located on the left side (e.g., below 70 poc). however, this is not always true (e.g., if percent of inhibition values are reported instead of poc values). moreover, by focusing only on hits on the left side of the histogram, potentially important and "unusual" compound behavior might be overlooked. For this reason, we have defined a hit on the left side of the poc curve as an "inhibitory" hit and a hit on the right side of the curve as an "activating" hit.
using this refined definition, µ i and σ i were calculated for all hts assays i. each molecule in the corporate repository was then categorized based on its behavior-that is, whether it behaves as an inhibitory hit, an activating hit, a nonhit, or an untested compound for every one of the hts assays i. records were also kept on how often a molecule was detected as an inhibitory or activating hit and how often it was tested. using this approach, promiscuity information was obtained from >250 different assays. Likewise to the approaches described by roche et al. 4 and pearce et al., 5 compounds hitting in >7 hts assays were empirically defined as frequent hitters. using this definition, 92 874 general promiscuous inhibitory hits (4.3%) and 35 763 general promiscuous activating hits (1.7%) were obtained.
Categorization of promiscuous compound behavior
to gain further insight into promiscuous compound behavior, method descriptions of all hts assays were carefully inspected and the assays were categorized based on the following:
• mode of action: the mode of action for which compounds were screened • target class: the protein family to which the assay protein belongs. individual classes were created to include various assays directed toward disrupting protein-protein or protein-nucleotide interactions or if multiple proteins were involved. • assay technology • assay readout • measurement principle: cell-based or in vitro assays the classes belonging to each category are shown in table 1. assays were analyzed per class (e.g., class "inhibitor" in category "mode of action"), and class-specific promiscuity rating was applied by counting how often a compound was detected as a class-specific inhibitory or activating hit and how often it was tested. in addition, all samples from the entire promiscuity table were reanalyzed per category as exemplified here using the target class category: For each compound, we counted in how many different assays within each target class (i.e., kinase, G-protein-coupled receptor [Gpcr], protease) it was an inhibitory or activating hit. if a molecule was an inhibitory hit in at least three assays for a given target class, a count was set. By summing over all counts within the category, a promiscuity count score was obtained. the same was applied for the activating hit information. this promiscuity count score can now be used in combination with the class-specific promiscuity information as enzyme other rhodamine-based assay Gpcr scintillation proximity assay 8, 9 nuclear hormone receptors time resolved fluorescence 8, 9 ion channel FLipr, Fluorometric imaging plate reader; Gpcr, G-protein-coupled receptor.
follows: assume a compound of particular interest is an inhibitory hit in seven kinase assays (thus registering a promiscuity count of 1 in the kinase class). By comparing this to the total promiscuity count of the compound across the target class category, one can assess whether the compound displays specific promiscuity toward kinases (total promiscuity count = 1) or nonspecific promiscuity over two or more target classes (total promiscuity count >1). to gain further insight into the promiscuous behavior of a compound, a method was designed to provide a molecule-based ranking of the different assay classes in table 1 (i.e., a ranking of the reasons for the promiscuous behavior defined by the classes in table 1). enrichment factors were used as the parameter of choice for this purpose: For each compound, the per-class promiscuity information (i.e., number of measurements, number of instances as an inhibitory or activating hit per class) was used to calculate enrichment factors (eF) per class according to equation (1) 
where hit class and hit general correspond to the number of classspecific assays and assays in general in which a compound was a hit, respectively, and where measurement class and measurement general are the number of class-specific assays and assays in general in which the compound was tested. For example, if a compound is an inhibitory hit in 25 of 50 protease assays and in 35 of 150 assays in general, the enrichment factor is 2.1 (25/50 divided by 35/150)-that is, the compound hits in more protease assays compared to random. to avoid overestimation of the enrichment factor, only classes were considered where a molecule was within that class. For each compound, the three classes that generated the three highest enrichment factors were recorded. it should be noted that these enrichment factors are only meant to provide a qualitative ranking of the reasons for the promiscuous behavior of promiscuous compounds. that is why no specific thresholds were used to qualify high versus low enrichment factors. this "class-specific" subanalysis of frequent hitters is of great value during individual hts follow-up campaigns by allowing for specific triaging. one example is to reduce the number of promiscuous hits from a kinase assay if they (1) hit in >7 assays in general but (2) do not hit frequently in kinase assays.
The promiscuity database
to analyze frequent hitters in even greater detail, the 92 874 general promiscuous inhibitors and the 35 763 general promiscuous activators were pooled into a single database of 107 664 compounds (note the numbers are not additive since an entry can be both a promiscuous inhibitor and a promiscuous activator in different assays). to add a control data set to this database, 132 007 hts hits (including frequent hitters) were selected from the 10 most recent hts campaigns performed on targets from Boehringer ingelheim (canada) Ltd, research & development. it is worth noting that those hits form a representative set as they resulted from assays covering most of the classes in table 1. the following additional flags/details were added to the entries of this promiscuity database:
• all entries in the database with a defined molecular structure were ionized using the molecular operation environment (moe; chemical computing Group [ccG], montréal, canada) wash routine with default conditions. the number of hydrogen (h)-bond donors and h-bond acceptors, topological polar surface area (tpsa), number of rotatable bonds, and molecular weight were calculated in moe. Logp and logd at ph 2, 7.4, and 10 were estimated using the logp/logd calculator plug-in from chemaxon Ltd.
(Budapest, hungary). compounds were flagged if the number of h-bond donors ≥5, the number of h-acceptors ≥10, the number of rotatable bonds ≥10, tpsa ≥140, logp ≥5, and molecular weight ≥500. the flags were counted for each compound, and entries with >2 of 6 violations were treated as non-drug-like. 10, 11 • our recently published maximum common substructure (mcs)-based clustering algorithm was used to cluster molecules from our corporate hts screening collection. 12 overall, this procedure generated 122 216 singletons (clusters with N = 1 entries) and 66 093 clusters (clusters with N > 1 entries). the cluster identifier (id) and cluster sizes were added to the entries in the promiscuity database. • all assay results in the corporate data repository were selected if they belonged to the result classes ec 50 or ic 50 (i.e., values defining the concentration of a molecule required for a 50% effect), K d , or K i . For each database entry, it was calculated in how many assays the compounds were active, and if active, they were binned as active below 10 µm, 1 µm, 100 nm, or 10 nm. this "bio-profiling" information was added to each entry in the promiscuity database.
the promiscuity (or frequent hitter) database was then probed using the software spotfire (tiBco software, inc., palo alto, ca). more specifically, compound properties were analyzed and compared between subsets using a general analysis of variance (anoVa). For this, the total mean value µ for property x, the subset-specific means µ i , the sum of squares within groups (subsets; sswg), and the sum of squares between groups (ssbg) were calculated. F-statistics were determined according to equation (2): with dfb (degrees of freedom between groups) being the number of groups minus 1 and dfw (degrees of freedom within groups) being the total number of values minus the number of groups. Based on the F-value and the degrees of freedom, the p-value was obtained. For this study, a significance level α = 0.05 was originally assumed. however, because compounds were compared on the basis of nine physicochemical descriptors (see above) and one aggregated descriptor (the number of violations), in addition to the fact that individual data points may have been considered in three different comparisons (frequent hitter in the in vitro assays vs nonfrequent hitter, frequent kinase inhibitors vs frequent Gpcr antagonists, and frequent hitter in fluorescent assays vs frequent hitter in other assay readouts), this translates into 30 different hypothesis tests requiring correcting α for these. We have thus applied the Bonferroni method by dividing α by 30, thus providing a corrected α = 0.0017.
Method used for quantitative structure-activity relationship modeling
having models for the prediction of specific promiscuous compound behavior would be a valuable addition during hit-to-lead and lead optimization steps because these models could be used for library design and enriching for compounds with desired properties. examples would be the prediction of kinase inhibition, Gpcr antagonism, or likelihood to fluoresce. several such models were generated throughout this study. Because many of the available data sets were large (>10 000 entries), a fast and robust modeling algorithm was needed. the Bayes classifier method implemented in pipeline pilot was used (accelrys, inc., san diego, ca). it offers the advantage of being tolerant to unbalanced data sets. data sets were always randomly divided into 70% training and 30% validation records. Bayesian classifiers were calculated with the training sets in pipeline pilot. alogp, molecular weight, number of h-donors, number of h-acceptors, number of rotatable bonds, and extended connectivity fingerprints (ecFp4) (all available within pipeline pilot) were used as descriptors/fingerprints. all other parameters were left at default. the models were evaluated with the corresponding validation sets. prediction accuracies, false-positive rates, and false-negative rates were calculated based on the confusion matrix in table 2 using equations 
False-negative rate = FN TP + FN (5) reSuLtS in this study, we have identified frequent hitters within our corporate data repository. to shed light on the reason(s) behind this promiscuous compound behavior, we subcategorized the promiscuity information using the classes described in table 1. promiscuity count scores and enrichment factors were calculated for each compound for the different categories and classes, respectively. these data served to create a promiscuity database that allowed us to answer some key questions, such as the following: What can we learn about the promiscuous behavior of the compounds? how can we use this information? can we extract useful rules from the promiscuity database? Figure 2A shows a bar graph of the different classes from table 1. the height of each bar is defined by the number of molecules where the corresponding class was ranked highest using the eF approach (i.e., the number of molecules that registered their highest eF for that particular class). classes with fewer than 1000 entries were excluded from the figure. Kinasebased assays clearly show the largest number of frequent hitters, with ~28 000 molecules having their highest eF in this class. this demonstrates that a large proportion of the promiscuous behavior is target related or related to assay types that are frequently run in combination with kinase enzymes. assays using the alphascreen 8 technology were obtained at the second highest frequency (~10 000 molecules). this indicates that promiscuous compounds are frequently detected in alphascreen-based assays. to obtain more insight into the promiscuous behavior of these "alphascreen" hitters, the classes providing the second highest enrichment factor for these molecules were plotted in Figure 2B (i.e., each bar now corresponds to the number of molecules ranking alphascreen-based assays highest and which registered their second highest eF for that particular class shown by the bar). classes with fewer than 50 entries were excluded from the figure. Kinase-related assays were again detected at the highest frequency, consistent with the fact that 30% of the alphascreen assays were designed to identify kinase inhibitors. assays targeting protein-protein interactions also ranked high, but overall, no other assay class dominated.
to get a deeper understanding of the relation between kinasebased promiscuity and alphascreen-based promiscuity, we conducted an analysis of the odds of hitting. all 107 664 promiscuous compounds were included. the following target class versus assay technology groups were considered: (1) alphascreen-based assay and kinase assay (kinase-alphascreen), (2) alphascreenbased assay and any other target class (not kinase-alphascreen), and (3) any other assay technology and kinase assay (kinase-not alphascreen). For each compound in the individual target assay technology pairs, the number of inhibitory hit events and the number of tests were tabulated. odds ratios were then determined for kinase-alphascreen versus kinase-not alphascreen and for kinase-alphascreen versus not kinase-alphascreen using sas 9.2 (sas institute, cary, nc). the resulting median values were compared to 1, and the proportion less than 1 was compared to 50% to characterize the relationship between kinase target and alphascreen assay technology. if promiscuity were independent of the relationship, then odds ratios would be centered at 1 for both comparisons. if promiscuity were associated with the combination, then odds ratios for both comparisons would be disproportionately <1. For the comparison of kinase-alphascreen versus kinase-not alphascreen, the median odds ratio was 0.978, and 51.4% of odds ratios were <1. For kinase-alphascreen versus not kinase-alphascreen, the median odds ratio was 0.440, and 67.3% of odds ratios were <1. this analysis shows that hits are as likely with a kinase in other assay technologies as for an alphascreen-based assay, whereas hits in an alphascreen-based assay are disproportionately likely with a kinase target. in other words, in general, kinase targets will return a lot of promiscuous hits regardless of the assay technology, and alphascreen-based assays are particularly susceptible to return promiscuous hits when the target is a kinase. thus, a clear relationship is present between kinasebased and alphascreen-based promiscuity. such an analysis could be performed for any pair combination from table 1, thus allowing one to uncover other unknown and potentially useful relationships. the utility of the promiscuity database shall be further demonstrated using two examples: a kinase assay and a cell-based assay. For the kinase assay of interest, 5582 primary screening hits were identified; 626 molecules were flagged as inhibitory hits, and 213 molecules were flagged as activating hits in more than seven general and more than three nonkinase in vitro hts assays. these compounds have a high likelihood of being nonspecific frequent hitters (e.g., by interference with the assay method). By removing those from the hit list, resources, time, and money can be saved. For the cell-based assay of interest, 11 074 compounds were selected for dose response in the primary screening assay and in a related counterscreen assay. clustering of the 11 074 hits was performed using our recently published mcs-based clustering algorithm. 12 For the chemoinformatic analysis, 7772 primary screening hits were selected that originated from clusters in which at least one member provided the desired activity/selectivity. the promiscuity information obtained from kinase assays was added to the analysis. Figure 3A,B shows activity plots for molecules from two of these clusters. the y-axis represents the ec 50 values of the primary screening assay, whereas the x-axis represents the ec 50 values of the counterscreen assay. data points meeting the desired activity and selectivity thresholds are in green (all other data points are
FIG. 2. (A)
Bar chart of the different classes from table 1. the height of each bar is defined by the number of molecules where the corresponding class was ranked highest using the enrichment factors (eF) approach (classes that were detected fewer than 1000 times were excluded from the visualization). (B) compounds were selected where alphascreen was detected with highest enrichment. the bar graph shows the different classes from table 1 for these compounds. the height of each bar is defined by the number of molecules where the corresponding class was ranked second highest using the eF approach (classes that were detected fewer than 50 times were excluded from the visualization). FLipr, Fluorometric imaging plate reader; Gpcr, G-protein-coupled receptor; spa, scintillation proximity assay; trF, time-resolved fluorescence; od, optical density. in red). circles represent compounds hitting in ≤5 kinase hts assays, whereas squares represent entries hitting in >5 kinase hts assays. it should be noted that the choice of the "frequent" kinase hitter threshold of 5 was arbitrarily defined by the project team for this particular hts assay. the entries in Figure 3A do not contain any frequent kinase hitters. however, 40% of the molecules in Figure 3B are rated as frequent kinase hitters. Because this cell-based assay was not directed toward finding inhibitors of a specific kinase, one could conclude that kinases may be a general off-target liability for compounds belonging to the Figure 3B cluster or that kinases are part of the mode of action of these compounds. Both examples show how the promiscuity database can be used to flag compounds with a certain liability/mode of action. it also points to the fact that each assay is unique and requires a customized promiscuity analysis to fully capitalize on the available data.
the question of whether practical rules can be extracted from the promiscuity database was addressed next. at first, our focus centered on frequent hitters identified only in in vitro assays (cell-based assays were excluded because of their different nature). in total, 59 954 compounds were collected, divided into 31 964 nonpromiscuous hts hits and 17 990 promiscuous inhibitory hits. Box plot analyses of the drug-like properties were performed for the compounds of both groups. FIG. 3 . scatter plots of entries from two clusters, a and B. the y-axis represents the ec 50 values of the primary screening assay, and the x-axis represents the ec 50 values of the counterscreen. data points with desired activity and a selectivity ≥4 are in green (for data points where no or little activity was determined, the percent of control at highest concentration also was considered). the rest are in red. circles represent compounds hitting in ≤5 kinase high-throughput screening (hts) assays, and squares correspond to entries hitting in >5 kinase hts assays. on the anoVa analysis in spotfire) 14 were obtained in the mean between both groups. the only property for which only a marginal difference was obtained was logp. all other drug-like properties and the number of drug-like property violations were higher in the promiscuous hit group, suggesting that compounds with a tendency toward non-drug-like properties also have a higher likelihood of being frequent hitters. a Bayes classifier model was calculated for separating the nonpromiscuous hts hits from the promiscuous inhibitory hits. a high prediction accuracy of 80% was obtained for the external validation set. this indicates that a robust classification model is achievable that can discriminate between a promiscuous hit from a regular hts hit and corroborates the study by roche et al. 4 promiscuous kinase inhibitors and promiscuous Gpcr antagonists, a major source of discussion in the pharmaceutical industry, 15 were analyzed next in more detail. For this analysis, only frequent hitters were considered. molecules were selected that hit at least three times only in assays linked to a single target family (i.e., total promiscuity count score for the target class category = 1), and 53 964 entries were thus obtained. to limit the data toward actives that were followed up in hit-tolead programs, only compounds with dose-response potency values <10 µm in >2 dose-response assays were selected, reducing the set to 25 277 molecules. compounds hitting in at least three kinase assays were flagged as promiscuous kinase inhibitory hits, and compounds hitting in at least three Gpcr assays were flagged as promiscuous Gpcr antagonists. in total, 19 844 promiscuous kinase inhibitors and 3091 promiscuous Gpcr antagonists were thus defined. For both groups of compounds, box plot analyses of the drug-like and physicochemical properties were performed. table 4 shows the properties for which statistically significant differences were obtained in the mean between both groups (along with the p-value).
Both the kinase promiscuous hit set and Gpcr promiscuous antagonist set were identical in terms of the average number of drug-like property violations (1.0 ± 1.2), and thus both sets appear to be drug-like. however, data show that Gpcr antagonists have, on average, statistically significant higher logd and logp values. For all other drug-like properties, kinase inhibitors show, on average, higher values. this suggests that kinase inhibitors are in general larger but less lipophilic compared to Gpcr antagonists within this data set. many Gpcr programs are directed toward targets in the brain. to cross the blood-brain barrier, these ligands are, in general, required to have a low number of h-bond donors and acceptors and a low tpsa. 16 our observations for Gpcr antagonists corroborate these findings. these interesting results prompted us to construct a Bayes classifier model for predicting promiscuous kinase inhibition. the model was constructed using the 25 147 entries defined above (i.e., 19 844 promiscuous kinase inhibitory hits and 5303 other target family-specific promiscuous inhibitory hits). the Bayesian classifier was calculated as described in the materials and methods section. again, a high prediction accuracy of 82% was obtained. the false-negative and false-positive rates were 19% and 7%, respectively. the higher false-negative rate likely results from the imbalanced data set and could be fixed by increasing the nonkinase inhibitor proportion in the training set with additional, less promiscuous, but target family-specific compounds. this will be addressed in our future investigations. despite this limitation, the model can be used to retrieve kinase inhibitors from databases with a high degree of enrichment. it may also be particularly useful for library design purposes or for triaging promiscuous kinase inhibitors.
Last, promiscuous fluorescent in vitro inhibitors were analyzed using the following triaging method: (1) only promiscuous molecules were considered.
(2) to focus on compounds where the fluorescent behavior was not driven by specific target class inhibition, we selected compounds for which the promiscuity count score for the target class category was >1 (i.e., no link of promiscuity to a single target family). (3) Because the focus was on in vitro inhibitors, promiscuous cell-based inhibitors and activators hitting in >2 cell-based assays were excluded. promiscuous fluorescence-based inhibitors were then defined as compounds Gpcr, G-protein-coupled receptor; h, hydrogen; tpsa, topological polar surface area; sd, standard deviation. a with a promiscuity count score for the "assay readout" category equal to 1 that were hitting in >5 fluorescence-based assays (because of the difference in technology, fluorescence polarization was not considered in this definition). in total, 8135 molecules were thus obtained. the remainder of the list (N = 25 747 data points) defined the control group. again, box plot analyses were performed for the drug-like and physicochemical properties. the only difference between both data sets was the number of h-donors, which was statistically significantly higher in the mean for promiscuous fluorescent inhibitors (mean: 2.8 ± 1.7 vs 2.3 ± 1.6). creation of a Bayesian classifier model was attempted next. a disappointing prediction accuracy of 70% was obtained, with high false-negative and false-positive rates of 35% and 24%, respectively, suggesting that the model is only of limited use. as an alternative step, 6154 promiscuous fluorescent in vitro inhibitors were selected. For these entries, cluster id + cluster size were defined (see materials and methods). enrichment factors were calculated per cluster by dividing the fraction of promiscuous fluorescent in vitro inhibitors in a cluster by the fraction of promiscuous fluorescent in vitro inhibitors in the entire hts set. representatives of clusters with high enrichment can be seen in Figure 4 along with the enrichment factor. For each representative, the cluster size is also shown along with the number of frequent fluorescence-based in vitro inhibitors in the cluster. For example, the quinoline molecule in Figure 4 results from a cluster with size of 10, among which five compounds were identified as promiscuous fluorescent in vitro inhibitors, translating into an enrichment factor of 72 (5/10 divided by 0.0069, the fraction of promiscuous fluorescent in vitro inhibitors in the entire hts set). clearly, known fluorescent inhibitors are present in this list. overall, this information can be used to identify scaffolds that have a high likelihood of fluorescence and thus potentially interfere in a particular assay.
dIScuSSIon in this study, frequent hitters were identified in our corporate data repository, and a detailed categorization of the promiscuous compound behavior was created. different criteria were applied to rate compounds as frequent hitters or to triage for certain promiscuity sets. We must reiterate that these definitions are subjective and that there is no agreed-upon definition of what comprises a frequent hitter. in this context, the high degree of similarity between different kinase enzymes makes it much more likely to identify frequent hitters in a kinase assay compared to a Gpcr assay. this clearly shows that it is necessary to customize the thresholds used for rating frequent hitters to the particular project under investigation. the two application scenarios presented in this study demonstrate how this can be achieved and that discussion with project teams is a key requirement to define how to best adjust the analysis such that it can help reduce cost and time of assay profiling without discarding valuable information.
Bar graph analyses were performed, indicating that a large proportion of the promiscuous behavior is target related. however, some assays with high sensitivity, such as alphascreen-based assays, can be sensitive in detecting promiscuous binders as well. in this context, we were able to show that a relationship is present between target-based promiscuity and assay technology-based promiscuity. however, a word of caution is appropriate here: the observed relationship between assay technology and target class does not mean that the promiscuous behavior is linked to direct inhibition of the target. in fact, we have observed that 6034 of 9888 entries hitting in >3 alphascreen-based assays also hit ≥3 times in ≥3 target classes. this means that a large proportion of the promiscuous alphascreen entries show promiscuous behavior toward different target classes. Whether these compounds are false positives because they are reactive, toxic in cell-based assays, or any other mechanism remains elusive and will be addressed in future studies. however, at this point, it is clear that the present analysis is only a beginning, and numerous other trends remain to be uncovered. For example, one could examine frequent hitters of a certain promiscuity class with respect to any other class to uncover unknown and potentially useful relationships. mechanistic studies were performed to link different types of promiscuity to molecular properties (e.g., promiscuous binding, promiscuous kinase inhibition, or likelihood to fluoresce). multiple comparisons of physicochemical properties were performed between promiscuous and nonpromiscuous compounds as well as between promiscuous kinase inhibitors and Gpcr antagonists. statistically significant differences were observed, as suggested by the low p-values. another point of discussion is whether the observed statistical differences are also significant from a medicinal chemistry perspective. We believe they are because the examples shown corroborate observations stated already in the literature. 15 moreover, when discussing these results with medicinal chemists, the common trend was that the observations are well in line with their expectations, thus increasing our confidence that the observed differences are significant from a medicinal chemistry perspective. overall, we believe the selected examples show but a few of the multiple ways the promiscuity data set can be analyzed to generate important trends and knowledge. By training binary quantitative structure-activity relationship models, one can directly apply this knowledge to predict the behavior of new compounds. although it is of great interest to continue these studies and investigate additional models, those described here can already be used for generating improved targeted libraries with fewer liabilities.
in summary, the present study has shown how a combination of careful categorization of in-house data linked to molecular properties or "bioprofiles" can greatly enable the discovery of interesting trends. such analyses and the application of this knowledge to the hit profiling process are extremely valuable for streamlining and accelerating decision-making processes.
